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Introduction: Model Interpretability
“Explainable Al (XAl)” founded by DARPA

« Transparency: Shows the
internal logic of the model or
explains outputs in an

Interpretable way. Local vs. global explanations
* Interpretability: Makes it
easier for humans to Model-agnostic vs. Model-specific
understand the meaning of a
model’s predictions. Explanation coverage = region in input space where the

« Justification: Provides . .
human-readable reasoning explanation applies
behind decisions.

« Traceability: Allows tracking
the data and processing steps
that led to a decision.
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The Growth of eXplainability Artificial Intelligence (XAl) Field

2000

1500

mu II “
o - mi II II

2015 2016 2017 2018 2019 2020 2021 2022 2023
Years

Number of publications

8

W Explainability Artificial Intelligence  m XAl

Figure 1: Research publications in the explainability of artificial intelligence
(XAI) field during the last few years
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XAI method
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Thilo Spinner, Udo Schlegel, Hanna Schafer, & Mennatallah El-Assady (2019). explAlner: A Visual Analvtics Framework for Interactive

and Explainable Machine Learnin

CoRR, abs/1908.00087.

Toolbox Publication Code repository

InterpretML Norietal. (2019) https://github.com/interpretml/interpret
iNNvestigate Alber et al. (2019) https://github.com/albermax/innvestigate

Al Fairness 360 Arya etal. (2019) https://github.com/Trusted-Al/AIF360
explAlner Spinner et al, (2020) https://github.com/dbvis-ukon/explainer

FAT Forensics Sokol et al. (2020) https://github.com/fat-forensics/fat-forensics
Alibi Klaise et al. (2021) https://github.com/Seldonl O/alibi
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Model-Agnosticism And Statistical Learning

Key Idea: Adopt a view of Al that abstracts away the model
Focus not on what the model is, but rather on what it does.

All statistical learning features a fraining stage and an inference stage

Training:
» Take a set of data, and infer an approximation to the statistical distribution from which the data was sampled;
« “Data" could be images, weather states, protein structures, text...

» Simultaneously, optimize some decision-choosing rule in a space of such decisions, exploiting the learned distribution;

» “Decision" could be the forecast of a temperature, or a label assignment to a picture, or the next move of a robot in
a biochemistry lab, or a policy, or a response to a text prompt...

Inference:
When presented with a new set of data samples,

» produce the decisions appropriate to each one, using facts about the data distribution and about the decision optimality
criteria inferred in training.

This view of Al encourages a model-agnostic outlook, which emphasizes data distributional structure and decision-space
optimality, and diverts attention away from model computational structure.
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Probabilistic Attribution Score: AS

Pr (R|P)
Pr(R|P—P,)’

A, =log

The basic idea is that if we have a prompt P that induces a response
R sampled from the distribution P (R|P ) (where P and R are token
sequences), then we would like a measure of attribution of the
Importance to the p-th prompt token Pu to R.
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Pr (R|P)

A, =1
k=S Pr(R|P - P,)’

Pr([Ly,. ., Luss] | (L1, s Luc1]) = Pr(Lu|[L1,-.., Lu-1))
X Pr (L‘u_|_1| [Ll ..... L“]) X ...
... X Pr (LM—H/' [Ll ..... L'u’_’_y_l]) .

The basic idea is that if we have a prompt P that induces a response
R sampled from the distribution P (R|P ) (where P and R are token
sequences), then we would like a measure of attribution of the
Importance to the p-th prompt token Pu to R.
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Probabilistic Attribution Score: AS

Pr (R|P)

A, =1
k=S Pr(R|P - P,)’

D = Pr{R=r}|{P—-P,=p—p,})
_ Pr({Rz'r}|{P<”’=p<”’}ﬂ{P>”’=p>”’})

The basic idea is that if we have a prompt P that induces a response R sampled
from the distribution P (R|P ) (where P and R are token sequences), then we
would like a measure of attribution of the importance to the p-th prompt token

Pu to R.

D is the denominator of Au.
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Probabilistic Attribution Score: AS

- " The -- didn ' t fit into the - because it was too big ." - : I What is ' I ' referring to I

GEMMA-3-1B-IT Response: a) The water bottleb) The bagc) The water bottled)

S8 ence :  [Thel IIEHEH IBOH GidH i {6l RS 558 [BSSANES i« o> too [ ' NESHSH - M WARE is ' it ' referring to 8

GPT-NEO-1.3B Response: What is 'too big'?"The water bottle didn't fit into the bag because it

-: " The water bottle didn 't fit into the - because it was too big ." - | B -. "It ' referring to I

LLAMA-3.2-1B-INSTRUCT Response: The water bottle, the bag, or something else?"Answer: The water bottle. The sentence 1is

-: " The w didn 't fit into the - because it was too big ." - : " What is ' it ' referring to I

OLM0-2-0425-1B Response: (A) The water bottle. (B) The bag. (C) The water. <|endoftext|> ‘0.4
it i i . ic B l - -0.2
(S | | IS (e [N R [ it into the B because it was oo B I [NEHGH : [N WU i< ' t * referring to [§ o
OLM0-2-0425-1B-INSTRUCT Response: ". Possible answers: 1. water bottle. 2. bag. 3. the water oo Q
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--: & |l Fll © .l, NASA ' s Cassini space probe was _ to explore Saturn . It was active for twenty years , spending it ' s last 1 3

years orbiting Saturn l- : I- was - Cassini

GEMMA-3-1B-IT Response: The answer is: 1997."<end_of_turn><end_of_turn><end_of_turn><end_of_turn>

Pass -: & In -, NASA 's Cass ini space

was launched to explore Saturn . It was - for twenty years , spending it 's last 13 years

orbiting Saturn ." - 1 --- Cass ini -l

GPT-NEO-1.3B Response: What was the mission of the probe?" Answer: "The Cassini probe was launched on September 1

--: S I -I, NASA 's Cass ini space probe was launched to explore Saturn . It was

for twenty years , spending it 's last 13 years

orbit ing Saturn l- : I When was . Cass ini - ?

LLAMA-3.2-1B-INSTRUCT Response: 1997?" Answer: "1997." The sentence is a simple declarative sentence with a

--: § In -I, NASA 's Cass ini space probe was launched to - Saturn . It - active for twenty years , spending it 's last . years

orbit ing Saturn l- : I- was the Cass ini ‘Iau?ehe\l

0LM0-2-0425-1B Response: 1997 or 2007?" Answer: 19970Qutput: 1997

Pass age : " In -., NASA 's Cass ini space probe was launched to explore

orbit ing Saturn l- : I-- the Cass

: ﬂ was - for - years , - it &8 - 13 years
launched

0LM0-2-0425-1B-INSTRUCT Response: 1997." is the answer. Yes / no, based on this passage. The passage is
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= Contextual Entropy: Entropy

of the distribution of each
token conditioned on the
rest of the context: with or
without the response
context.

= Low contextual entropy
means that given the
context (° or x) the model
prefers fewer replacement
tokens for the given token.

= High contextual entropy
corresponds to more

uncertainty in potential toker

replacements candidates.
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Contextual Entropy with Prompt and

Prompt + Response Context

! g ? » LLAMA-3.2-1B-INSTRUCT
6 : ' :
« Token: Police g H
- Contextual entropy PRI SN S | 1 L Y e S
is higher at near- g’ H
o1
zero AS. o
° KL Dlvergence |S :: Prompt Context

low = 0.0075.
« Greedy sampling

Probabilities
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Prompt: The police officer walked into the room, carefully examining every clue. The information was sparse, but
he believed the clues would lead him to the truth. He looked at the doorknob, noticing something odd about it.

He made a note to check it more

Response: closely.

He walked over to the door and examined the doorknob more closely. It was a...
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AS: Prompt Engineering

--: & |l Fll © .l, NASA ' s Cassini space probe was _ to explore Saturn . It was active for twenty years , spending it ' s last 1 3

years orbiting Saturn l- : I- was - Cassini |

GEMMA-3-1B-IT Response: The answer is: 1997."<end_of_turn><end_of_turn><end_of_turn><end_of_turn>

Pass -: & In -, NASA 's Cass ini space - was launched to explore Saturn . It was - for twenty years , spending it 's last 13 years

orbiting Saturn ." - 1 --- Cass ini -l

GPT-NEO-1.3B Response: What was the mission of the probe?" Answer: "The Cassini probe was launched on September 1

for twenty years , spending it 's last 13 years

--: S I -I, NASA 's Cass ini space probe was launched to explore Saturn . It was

—  orbit ing Saturn l- : I When was . Cass ini - ?

LLAMA-3.2-1B-INSTRUCT Response: 1997?" Answer: "1997." The sentence is a simple declarative sentence with a

--: § In -I, NASA 's Cass ini space probe was launched to - Saturn . It - active for twenty years , spending it 's last . years

orbit ing Saturn l- : I- was the Cass ini ‘Iau?ehe\l

0LM0-2-0425-1B Response: 1997 or 2007?" Answer: 19970Qutput: 1997

: ﬂ was - for - years , - it &8 - 13 years

Pass age : " In -., NASA 's Cass ini space probe was launched to explore |

orbit ing Saturn [ [SHESHEN : [ NUEEH MBS the cass ini [Elched B

0LM0-2-0425-1B-INSTRUCT Response: 1997." is the answer. Yes / no, based on this passage. The passage is 0.
0.2

2

Passage: 1997?" Answer: "1997." The sentence is a simple declarative sentence with a 0.0 g-

@

— Sentence: ". The answer is 1997. The sentence is in the past tense, and the subject is 02 O
7))

Passentence: ". The answer is 1997. The sentence is in the past tense, and the subject is .
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AS: Prompt Engineering

--: 110 ll, NASA ' s Cassini space probe was - to explore £ 7 e s aas
years orbiting Saturn l- : I- was - Cassini Prompt Context

GEMMA-3-1B-IT Response: The answer is: 1997."<end_of_turn><end_of_turn><end (b)
os; AS = -

Pass -: & In -, NASA 's Cass ini space - was launched to explore Sat - 1002

orbiting Saturn . [ESHEN - IR a8 coc i ENNNENEE ,

GPT-NEO-1.3B Response: What was the mission of the probe?" Answer: "The Cal 0.6

--: S I -l, NASA 's Cass ini space probe was launched to explore Sa

—  orbit ing Saturn l- : I When was . Cass ini - ?

LLAMA-3.2-1B-INSTRUCT Response: 1997?" Answer: "1997." The sentence is a

--: g 0 -l, NASA 's Cass ini space probe was launched to - S
orbit ing Saturn l- z I- was the Cass ini ‘@nehe\l

0LM0-2-0425-1B Response: 1997 or 2007?" Answer: 19970Qutput: 1997

Pass age : " In -., NASA 's Cass ini space probe was launched to explore

orbit ing Saturn l- s I-- the Cass -I

0LM0-2-0425-1B-INSTRUCT Response: 1997." is the answer. Yes / no, based on this passage. The passage is 0.
0.2
2
Passage: 1997?" Answer: "1997." The sentence is a simple declarative sentence with a 00 g-
@
— Sentence: ". The answer is 1997. The sentence is in the past tense, and the subject is 02 O
7))
Passentence: ". The answer is 1997. The sentence is in the past tense, and the subject is .
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Model Lanquage as a Testbed for Large Language

Models

» Gaussian mixture of dialects such that we sample a dialect with weights, w, and then

sample from the corresponding dialect matrix (also multivariate) and adding together

the vectors.

= We set it so that 10% of the tokens differ between the common language and

selected dialect.

= We tokenize along the real number line with bounds set to the bounds of our

Gaussian mixture of dialects.

= Thus, we can calculate the next token probabilities of our model language.
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BERT Capacity for Learning Model Language

= We use a mini-BERT with 6 hidden layers and 128 hidden size.

= We plot BERT next-token probabilities compared to model next token probabilities
and show it learns the distribution further as training vectors n increase.

BERT Capacity For Learning Model Language Distribution

— MODEL LANGUAGE
1073 —— BERT 6x128 10k
— BERT 6x128 25k
Y 104 — BERT 6x128 100k
3 10
w A
g 1n-5 uphg R "10)*.‘ Lol o b
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Hypothesis for Weight Shifting

A model fine-tuned on a single dialect must be a convex linear combination of a
pre-trained model and a model fine-tuned only on that single dialect.

Distribution of per prompt ¢ hat

cP(tn|T<n, Mp) + (1 — )P (t,| Ty, My) = P(t,|T, Mg)
* Rearranging to regress for c using OLS we have,

o A Zn(PP_Ps)(PF_Ps)
So, ¢ = > PPy

P = pretrained, F = finetuned, S = trained on a single dialect
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Null Prompting

= Null prompted Llama 3-8B model 100,000 times
» Prompted Llama 3-8B model with prompt “medicine” 100,000 times
= Response length set 10128 tokens

» Had Claude classify the responses according the the Library of Congress

classification system :

= class(First Letter — “Q"= Science)
= subclass(Second letter — “QA”™ = Mathematics)
» subcategory(number range — QA76.75 = Computer Software)
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Shifting of Weight

We essentially have a picture of what distribution that Claude is
sampling from in its responses based on its classifications and see a
shift in weights.

Top 10 LCC classes by prompt set

& Null Medicine
96‘\0

70000 T

60000

50000 -

40000 ~

number of entries

30000 -

20000

10000 +

LCC class (World history and LCC class
the history of Europe)
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= Shifts within each subclass
= Not just shift in class sampling

= This graph shows how much of these
big subclasses made up the overall

class distributions and the shift

between them
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Within-group share of the 10 biggest subclasses
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We also see
significant
subcategory
shift within each

subclass

between the

prompts
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% within subclass (top 5)
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Top-5 subcategories within each of the 10 biggest subclasses (Null vs Medicine)

Null: top-5 subcategories within each subclass

Medicine: top-5 subcategories within each subclass

100 7

60 -

40 -

201

ke

. Assay methods.
nda...

%

ThElapeuhcs_

lﬁ‘lﬁ
Taxical
R -
T

Wlnler spurls

% within subclass (top 5)

PRersonal
health and ...
L%

RC RA GV RM TX PN RS E
LCC subclass

extremecomputingtraining.anl.gov

|
Pha

rmaceutical
l‘hsﬁE... Indiadn Iribes
and cul..-
B
Medical -
philngggp( | -

Home econamics
28%
I
Therapeutics.
Pharmac....
Medicine as a .
profess armacognosy.
3% Fharma...
26%

Medicine and

EE{E!*..

Disease
[Communicable...
10%

Diseases of
the circu...
10%

Public health.
IEN....

R RC RA GV RM T PN RS E
LCC subclass

kS e AFAUA ARAN L AVAEIAY A

) ofENERGY



http://extremecomputingtraining.anl.gov/

Shifting of Weight — Base and Fine-Tuned
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Shifting of Weight — Prompt Length

We essentially have a picture of what distribution that Claude is sampling from in

its responses based on its classifications and see a shift in weights

Library of Congress Classification Counts by Number of Prompt Words

Number of Prompt Words = 1 Number of Prompt Words = 2 Number of Prompt Words = 4

Number of Prompt Words = 8

25000
20000
o 15000 A
=
5]
10000 1
5000
0 - T T T T T T T — T T T T T T T T T T T T
R T H B G Q E P S N R T H B G Q E P S N R T H B G Q E P S N R T H
Library of Congress Classification Library of Congress Classification Library of Congress Classification
R: Medicine B: Philosophy P: Language And Literature
T. Technology G: Geography S: Agriculture
H: Social Sciences Q: Science

N: Fine Arts E: History Of The Americas
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Conclusion

» Model-agnostic explanations

» Test how well an LLM converges to the underlying distribution of the training data

» Non-parametric linking first principles of probability theory to token attribution

» Can be used to test other XAl method, since sensitivity is inherently build-in the attribution method
» Compare different LLM models

» Reinforcement learning and its effects on the entropy of the model responses and catastrophic forgetting
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